Human Mobility has attracted attentions from different fields of studies such as epidemic modeling, traffic engineering, traffic prediction and urban planning. In this survey we review major characteristics of human mobility studies including from trajectory-based studies to studies using graph and network theory. In trajectory-based studies statistical measures such as jump length distribution and radius of gyration are analyzed in order to investigate how people move in their daily life, and if it is possible to model this individual movements and make prediction based on them. Using graph in mobility studies, helps to investigate the dynamic behavior of the system, such as diffusion and flow in the network and makes it easier to estimate how much one part of the network influences another by using metrics like centrality measures. We aim to study population flow in transportation networks using mobility data to derive models and patterns, and to develop new applications in predicting phenomena such as congestion. Human Mobility studies with the new generation of mobility data provided by cellular phone networks, arise new challenges such as data storing, data representation, data analysis and computation complexity. A comparative review of different data types used in current tools and applications of Human Mobility studies leads us to new approaches for dealing with mentioned challenges.
Introduction
Knowing the flows of individuals from one point to the other in a city or a country provides us with useful information for modeling Human Mobility behaviors and characteristics which could be used from different aspects. First, Human Mobility is related to the fundamental problem in geography and spatial economics of the location of activities and their spatial distribution. An important example is traffic systems: Analyzing huge amount of mobility data, one purpose is to study and model traffic flow in road networks and public transportation networks. Another purpose is to be able to predict the flow among these networks and possibly to predict the future position of a moving object (individual or a vehicle). Second, Human Mobility is a key factor in spreading of infectious diseases. These diseases transmit between humans in close proximity/transmission area and contaminate the population because people travel and interact. It has been shown that, human mobility exhibit a set of scaling relations and statistical regularities. Thus, the studies on how the topological features of traffic networks can be incorporated in models for disease dynamics have become interesting. It has been observed that the way topology is translated into dynamics can have a profound impact on the overall disease dynamics. At a global level for example, the spreading of infectious diseases such as the flu is -in addition to seasonal effects -largely controlled by air travel patterns. Third, statistics about individual movements are important for more commercial applications such as geomarketing. Finding the hot spot to place your advertisement depends on the number of people going through location location and thus implies to know the flows, or at least the dominant flows of individuals in the area under consideration. Recommendation system relying on region of interest [27] of population is another example [3] [23] . According to Basol [4] , the value of mobility reaches far beyond mere geographical movement of humans, but provides a complete new mindset on human interactions which could be considered from spatial, temporal, and contextual aspects. Different dimensions of Human mobility also have been discussed in Kakihara and Sorensen's study [6] . They have mentioned the importance of "being mobile" not just as a matter of people traveling but, related to the interaction they perform -the way in which they interact with each other in their social lives. Considering this importance, they have expanded the concept of mobility by looking at three distinct dimensions; namely, spatial, temporal and contextual mobility. They have also discussed about issues related to virtual community or cyber community [6] which today is known as social network. Karamshuk et al [52] have developed the idea of different aspects of Human Mobility introduced in [4] and presented the properties of Human Mobility in three main different dimensions : spatial, temporal and social aspects. Each of these aspects also has been studied in different scales; as a spatial network, human mobility have been studied in global , continent scale [1] , country scale [1] , [18] , regional scale [38] , city scale [51] , [11] and much finer scales such as campus or building scale [66] [31] . However, human mobility occurs on a variety of length scales, ranging from short distances to long-range travel by air, and involves diverse methods of transportation (public transportation, roads, highways, trains, and air transportation). No comprehensive study exists that incorporates traffic on all spatial scales [48] . This would require the collection and compilation of data for various transportation networks into a multi-component data set; a difficult task particularly on an international scale [48] (e.g. [22] ). Finding the proper scale for Mobility studies has been discussed in some studies [45] , [18] , [25] . The authors in [45] have developed discussion about the scale of spatial network in human mobility studies. They try to study if there is an optimal spatial resolution for the analysis of Human Mobility. They build a multiresolution grid and map the trajectories with several complex networks, by connecting the different areas of region of interest. Then they analyze the structural properties of these networks and the quality of the boarders it is possible to infer from them. Regarding temporal aspect of Human Mobility, there are also some studies [18] , [25] , that have been trying to investigate the periodic patterns of human mobility with extracting daily and weekly periodic patterns recognized in mobility data. The importance of this aspect of human mobility raised when we want to study the dynamic of Human Mobility and how it changes by time. Different time intervals could be considered for these studies: from long-term such as monthly intervals to short-term such as hourly or even finer time intervals. The length of time interval in dynamic analysis should be chosen such that enough events are collected for any measures to be meaningful [54] , in another word, the ∆t should be small enough to give meaningful results for our purpose. Regarding the importance of temporal variation in Human Mobility studies the authors in [14] illustrate that incorrect choosing of ∆t in snapshots, may impose a strong bias on the resulting analysis and conclusion. The importance of choosing proper time interval is a concern in both data collecting and analysis aspect. Beside significant interests in mobility studies, the explosive growth in mobile devices, the emergence and convergence of information and communication technologies telecommunication facilities provide us with a variety of recorded data of human mobility and social communication which is a valuable source of knowledge. This data depending on collection technologies have different properties which require new approaches of analyzing.
In the rest of this report we present different data collection techniques for Human Mobility studies. Then we present a summary of studies on Human Mobility. In Human Mobility studies, we have distinguished three different baselines which could help us to categorize these studies. However there are overlaps in these area of studies and we can not say they are totally separated. We continue with the a review on tools and applications in Human Mobility studies and the report will be finished with discussions on new challenges in Human Mobility studies and some perspective on these issues.
Related works
Human Mobility studies try to answer a wide range of questions based on different aspects of human mobility. A considerable amount of Human Mobility studies are trajectory-based studies in which individuals trajectories are traced and the behavior of these trajectories are studied. These studies are trying to answer the following questions: How far do people travel every day? [61] What are the main measures in Human Mobility studies? How these measures represent mobility behaviors of individuals? Does human mobility follows any model or pattern? [61] , [60] , [15] Is it possible to estimate the trajectory due to home-to-work commutes? If the trajectories pattern depends on Geographical position of individuals? [38] How different metropolitan areas exhibit distinct mobility patterns due to differences in geographic distributions of homes and jobs, transportation infrastructures, and other factors? [26] Is it possible to predict the next position of individuals having previous records of their trajectories? [61] [16] [17] [51] The main focus of these approaches is spatial characteristics (measures) of movements and how they change in Human Mobility. Measures such as jump length, center of the mass and radius of gyration are the basic of these studies [61] . The trajectory data set in these studies, mainly GPS data or CDRs. Also studying statistical characteristics and patterns of human movements have revealed a number of scaling properties in human trajectories: Gonzalez et al in [61] and Brockmann et al [19] showed a truncated power-law tendency in the distribution of jump length. It was observed that most individuals travel only over short distance, but a few regularly more over hundred kilometers. Further studies [60] [61] showed that the individual travel patterns collapse into a single spatial probability distribution, indicating that, despite the diversity of their travel history, humans follow simple reproducible patterns.
More precisely, a "trajectory" can be defined [62] as a spatio-temporal sequence of triples (x i , y i , t i ), where t i is a time stamp and − → r a i = (x i , y i ) are points in R 2 . Having the sequence of consecutive traces, jump length distribution is an important measure that have been investigating in Human Mobility. Brockman et al [19] , analyzed a huge data set of records of bank notes circulation, interpreting them as a proxy of human movements [52] , showed that travel distances ∆r of individuals follow a power-law distribution
where β < 2. This fits the intuition that people usually move over short distances, whereas occasionally they take rather long trips. The distribution known as Levy Flight, was previously observed as an approximation of migration trajectories among different animal species. Studying data collected tracing mobile phone users, Gonzalez et al [61] complemented the previous finding with an exponential cutoff
(with β = 1.75 ± 0.15, ∆r 0 = 1.5 km, and k a cutoff value varying in different experiments) and showed that individual truncated Levy trajectories coexist with population-based heterogeneity. This heterogeneity was measured in terms of the radius of gyration (r g ), which depicts the characteristic distance traveled by a user. It was shown [61] that the distribution of the radius of gyration can be approximated by a truncated power-law
where βr = 1.65±0.15, r 0 g = 5.8 km and k = 350 km. In other words, most people usually travel in close vicinity to their home location, while a few frequently make long journeys. Radius of gyration as a key quantity in human mobility trajectories [40] measures how far from center of the mass the trajectories are. It demonstrates the linear size occupied by each user's trajectory up up time t: [61] suggested using gyration radius as a characteristic travel distance for each individual. Xiao et al in [40] with simplifying human mobility model with three sequential activities (commuting to workplace, going to do leisure activities and returning home), have been proved that daily moving area of individual is an ellipse, and they get an exact solution of the gyration radius. How ever, they have used some basic simplified assumptions which makes the model not to be used for all types of trajectories (it's not strong enough). Xiao et al in [41] have been studying the trajectories of individuals in different categories (student/working group/not working group). Although the power law property of jump length distribution was observed in their study , but it also led to conclude that individual traveling process in general cannot be characterized by the Levy-flight or truncated Levy-flight. As another property of human mobility, gravity models have been found in some studies [1] , [38] , [60] which assumes the number of individuals T ij that move between location i and j per time unit is proportional to some power of the population of the source (m i ) and destination (n j ) location, and decays with the distance t ij between them as
(α and β are adjustable exponents and the deterrence function is chosen to fit the empirical data) Occasionally T ij is interpreted as the probability rate of individuals of traveling from i to j, or an effective coupling between the two locations.
Having extracted spatial metrices, the correlation and relation between spatial measures is an interesting question in Human Mobility studies. Csaji et al in [18] using data analysis techniques on a large data set of mobile phone users, illustrate that movement and location-related features are correlated with many other features and applying Principle Component Analysis (PCA) they show significant dimension reduction with limited loss of information is possible. They have clustered users most common locations to home and office and estimated the position of frequent locations based on a probabilistic inference framework. Using the positions, they derived a fairly accurate distribution of the population, with a correlation of 0.92. As mentioned, Pattern extraction is one of the goals of studies on human mobility: to investigate if individuals movement follows any pattern and extract these patterns to define mobility models [3] [11] [62] [18] . These patterns could be spatial patterns [11] [18], e.g. finding motifs in spatial network [3] , spatio-temporal pattern [11] or temporal patterns [18] . Smoreda et al. in [43] have been combined information on phone location and time of location to construct small movement oriented networks (places connected by trips), called mobility motifs. Surprisingly they found that the Paris phone traces and travel survey data reveal the same motifs, as do the Chicago survey data! As a temporal pattern, daily mobility patterns have been illustrated in many [13] [18] [11] , this periodicity have been investigating in the distribution of different measures such as mean degree, mean clustering coefficient and the network adjacency correlation of a proximity network [13] , they could be found in hourly movement distribution [11] , average calling dynamics [18] or texting patterns [35] .
More precisely, "trajectory pattern" can be introduced [62] as a description of frequent behaviors which focuses on methods for extracting patterns containing spatial and/or temporal information. Giannotti et al in [11] have defined a set of patterns for trajectory data set which represent the common behavior of a (sub)-group of trajectories. They have defined T-pattern (a set of trajectories visiting the same -order of-regions in the same time interval), T-Cluster ( a set of trajectories grouped on the basis of their similarity according to a specified similarity function), Tfolk (a spatio-temporal coincidence of a group of moving points in a specific time interval) and Tflow (the flow of a group of trajectories moving from one point to another). They have also defined models of human mobility to describe their entire input data set. These models are mostly the collection or aggregation of patterns. Al-though a purpose of these approaches is to define mobility models by the set of distributions that fit some statistics extracted from the traces considered ,but it is important to notice these models do not propose a general mobility model that describes user's movements and their applicability outside the environment from which they have been derived is not clear [52] Some studies have been trying to answer if there is different mobility behavior among different group of users [38] , [35] , [41] . In China, [38] women and children were generally found to travel shorter distances than men. Becker et al [35] have applied unsupervised clustering algorithm to CDR to investigate the groups of users where members of these groups share the same patterns of cell phone communication, in particular patterns of calling and texting intensity over time. Each group has a specific calling signature, which may be indicative of certain population types such as workers, commuters, and students. It would be an interesting question to answer that if these cluster of phone user have the same mobility behavior. In this part we reviewed the studies which have been trying to extract the patterns and models of Human Mobility. It was observed that a pattern is a representation of a local property that holds over a sub-group of mobility data and a model as a representation of a global property that holds over an entire data set, could be either a global aggregate or a collection of patterns [11] .
In network sciences, mobility studies have recently become popular, especially using individuals trajectories based on mobile phone location data [61] , [7] .The advantage of modeling the system as a graph is that we can say much about the behavior of the dynamical system without studying the actual dynamics [53] . It can be estimated how much one part of the network influences another and how well the network is optimized with respect to the dynamical system. In Human Mobility studies, various networks could be defined. Transportation Network, road network, contact network, intercontact network are some examples. A graph is a mathematical object consisting of a set of vertices, the units of the system, and a set of edges, the pairs of vertices that are interacting with each other [53] . Within the scope of graph theory, mathematical measures such as centrality, connectedness, path length, diameter, degree and clique are playing key roles in network studies [64] . Centrality of a node, determines the relative importance of a node within the network. It can summarize the ability of each node to broadcast and receive information. Centrality measure is known as one of mostly used parameters in network studies and thus, different types of centrality measures have been defined. According to [12] there is no centrality index that fits all applications and the same network may be meaningfully analyzed with different centrality indices depending on the question to be answered. The authors in [12] , have reviewed different centrality measures, such as degree centrality, family of betweenness centrality indices, closeness centrality indices, feedback centralities [12] .
Using graph theory, there are a set of approaches that consider a particular class of networks which are embedded in the real space, i.e. networks whose nodes occupy a precise position, they are used to investigate the population flow, population study, etc. Base stations in cellular networks are instance of nodes for such networks. So is studying the voronoi diagram of the geographical positions or railway station. In these networks density of population and flow of people can be studied. In Human Mobility studies using networks, sometimes the topology of networks is changing by time and thus they are studied as a dynamic network such as contact networks in Human Mobility. The structure of contact patterns not only affects the spreading of disease, but this structure can also be exploited in controlling and preventing the spread [53] . Trying to investigate the dynamic evolution of human mobility, recently becoming an important part of researches in this area. In dynamic studies of networks, the changes in network parameters and measures based on time variation are studied. Thus, it could be said that dealing with time dimension to develop dynamic networks, is one of the main considerations. Temporal dimension of Mobility is one of the main aspect to develop models and they lead to dynamic network analysis of human mobility. The analysis of time-varying graphs is a relatively recent topic in network science, and is beginning to open up new avenues toward characterizing network dynamics [32] .
As mentioned, understanding the temporal patterns of individual human interactions is essential in managing information spreading and in tracking social contagion. Human interactions (e.g., cell phone conversations and e-mails) leave electronic traces that allow the tracking of human interactions from the perspective of either static complex networks or human dynamics. [44] This group of approaches focus on studying dynamic network of Human Mobility. This dynamic network could be the inter-contact network of people who are moving to different places (the basic idea if Opportunistic Networks whose goal is to enable communication in disconnected environments [52] ).The link in these networks illustrates a kind of relation between individuals. This relation could be defined as the period of time during which two individuals are in mutual specified range of distance or could be social contact among individuals (e.g.phone call). [66] , [58] . For example in [66] , the structural properties of contacts are presented by a weighted contact graph, where the weights express how frequently and how long a pair of nodes is in contact. In these types of networks the relation between social contact and mobility patterns plays an important rule in human mobility studies. These networks reflect the complex structure in people's movements: meeting strangers by chance, colleagues, friends and family by intention or familiar strangers because of similarity in their mobility patterns. The studies in these area have been tried to represent the complex resulting pattern of who meets whom, how often and for how long, in a compact and tractable way. This allows us to quantify structural properties beyond pairwise statistics such as inter-contact and contact time distributions. As these networks are defined based on an interaction between individuals, they are not interesting to study individual trajectories. they are good to study social behaviors or group activity [14] . There are many studies which have been investigating periodic behavior (patterns) of human mobility. Clause et al in [14] studied the temporal connectivity patterns in their data-set. Although their data set is poor, but they have shown that the persistence of proximity in their data set appears to consistently follow a heavytailed distribution. In order to investigate the periodicity of proximity (inter-contact) network, they have studied the adjacency of nodes in different time slots and measured the similarity between each two consecutive snapshots of network. Their spectral analysis have been shown a strong daily periodic behavior. Also Jiang et al in [44] have studied the temporal patterns of individual human interactions based on their calling data and the dynamics of calling patterns among cell phone users. They have investigated the communication patterns of cell phone users and after classifying them in different clusters, they have been studied different properties of each cluster of users. In [47] the authors have tried to investigate the human mobility dynamics of scaled structured population by presenting a two scaled human mobility model for a meta-population. The sub regions and regions are interlinked via intra-and inter regional transport network systems. Defining a two-scale dynamic model, under various types of assumptions, different patterns of static behavior of the mobility process is studied and by the system of differential equations, the steady states of the mobility process were investigated. Their results reveal that the system has a natural tendency to quarantine itself without totally breaking a link in the transportation network system. They found a threshold point for the largest intra regional visiting time of residents of a given sub region that leads to either a total isolation of the residents from other sub regions within the region or a partial isolation of residents from some of the sub regions within the region. Their work provides probabilistic and mathematical algorithmic tools develop different level nested type interaction rates as well as network-centric dynamic equations. Also their analytic results demonstrated by simulation work with detailed figures exhibiting the type of steady-state population structures. It was demonstrated that geographic distance plays an important role in the creation of new social connections: node degree and spatial distance can be combined in a gravitational attachment process that reproduces real traces. Instead, it was observed that links arising because of triadic closure, where users form new ties with friends of existing friends, and because of common focus, where connections arise among users visiting the same place, appear to be mainly driven by social factors. The authors in [29] have described a new model of network growth that combines spatial and social factors and reproduced the social and spatial properties observed in their traces. Becker et al in [36] [32] , [59] , [57] , [56] , [55] . The average temporal path length have been proposed in [56] and the characters of this temporal measure have been investigating and the new measure temporal reachability is proposed based on average temporal path length in [55] . The concept of temporal closeness centrality is introduced in [54] which is a generalization of closeness centrality. Bagrow et al in [2] show that individual mobility is dominated by small groups of frequently visited, dynamically close locations, forming primary "habitats" capturing typical daily activity, along with subsidiary habitats representing additional travel. They try to investigate how similar are the habitats of users in close communication, and will this similarity be lower for pairs with less frequent interaction? they measure the similarity between the primary habitats of pairs of users interacting with one another by computing the relative number of locations the habitats have in common. They define P M F C , the probability that the next call placed by the user goes to that user's Most Frequent Contact and they study how P M F C depends on the properties of a use's mobility pattern. They showed that users who travel broadly, leading to complex mobility patterns and multiple habitats, tend to distribute their communication activity more uniformly over their contacts.
Data collection techniques
One of the basics in Human Mobility studies is data collection techniques as it indicates the accuracy of positioning system. Human mobility researchers have traditionally relied on expensive data collection methods, such as surveys and direct observation, to get a glimpse into the way people are moving. This high cost typically results in infrequent data collection or small sample sizes. For example, a national census produces a wealth of information on where millions of people live and work, but it is carried out only once every ten years [36] . Brockmann et al. [19] used the data of bank notes to study human traveling behavior. Later on, many other studies used GPS (Global Positioning System) to track individuals or any moving objects [60] [61] . GPS provides accurate measurements of both position and speed in outdoor locations (fine granularity of the location data), but signal quality is reduced or completely lost in indoor environments. Moreover, phone users tend to keep GPS turned off when not in use to avoid battery drain. When the GPS signal is available however, it tends to be a very good candidate for differentiating between dwelling and mobility [30] . Continuous scanning for WiFi APs has been used in context-aware computing to detect user mobility. This method is attractive because it can be performed on-line and in real-time, both desirable qualities for this class of applications [30] . In recent years, the emergence of information and communication technologies (ICTs), and substantial investments in wireless infrastructures have been led to extensive use of Call Data Records (CDR)in human mobility studies. Although CDR may have some bias on Human mobility studies [24] [18], but up to now, they have been providing the best data sets to study the human mobility [36] . Each CDR contains the time a phone placed a voice call or received a text message, and the identity of the cellular antenna with which the phone was associated at that time. When joined with information about the locations and directions of those antennas, CDRs can serve as sporadic samples of the approximate locations of the phone's owner. CDRs are an attractive source of location information for three main reasons: 1) They are collected for all active cellular phones, which number in the hundreds of millions of records. 2) They are already being collected to help operate the networks, so that additional uses incur little marginal cost. 3) They are continuously collected as each voice call and text message completes, thus enabling timely analysis. On the other hands, CDRs have two significant limitations. One, they are sparse in time because they are generated only when a phone engages in a voice call or text message exchange. Two, they are coarse in space because they record location only at the granularity of a cellular antenna (with average error of 175 meter [17] ). It is not obvious a priori whether CDRs provide enough information to characterize human mobility in any useful way [36] . [20] The first problem could be solved if we modify data collection system and track the user in fix time intervals. Smoreda et al in [43] describe two different data collection methods from cellular phone network: active and passive localization. Active localization provides a tool for recording positioning data on a survey sample over a long period of time. Passive localization, on the other hand, is based on phone network data which are automatically recorded for technical or billing purposes (CDRs). In [30] the authors try to explore how visibility and signal strength of Global System for Mobile Communications (GSM) cell towers and WiFi beacons, which is already available on standard mobile handsets, can be used to generate mobility profiles. They have proposed the use of GSM data in order to avoid privacy risk of "finegrained" locations and other practical limitations of continuous GPS sampling such as reduced phone battery life, inconsistent coverage for typical users, and limited availability of integrated GPS in current mobiles phones. Nowadays, the social network, temporal dynamics and mobile behavior of mobile phone users have often been analyzed independently from each other using mobile phone data sets [62] . Table 1 presents a summarized properties of different data collection methods.
It's important to notice that active localization method, by provoking cell localization of the mobile devise, solves the problem of time sparsity and provides a valuable resource of human trajectories. Considering the limitation of this type of data, which is spatial accuracy comparing other data types, it is important to chose a proper level of details to apply analysis on them.
Human Mobility studies and Transportation
Unlike other complex networks such as author citation, transportation networks are embedded in a metric space which raises a number of interesting questions such as: How do the statistical properties of a network depend on scale size? What are the differences between various transportation networks, and, more interestingly, what features do they share? Do nodes play different roles in a network based on their connectivity? How can these roles be characterized? What can transportation networks tell us about the connectivity of spatially distributed communities? Transportation Networks govern many modern problems such as disease spread, congestion, urban sprawl, structure of cities [3] . As Kuran et al. in [3] present different representation of a transportation system. The simplest representation is obtained when the nodes represent the stations and links the physical connections. Wang et al. in [34] found that the major usage of each road segment can be traced to its own -surprisingly few -driver sources. Based on this finding they propose a network of road usage by defining a bipartite network framework, demonstrating that in contrast to traditional approaches, which define road importance solely by topological measures, the role of a road segment depends on both: its betweennes and its degree in the road usage network. Moreover, the ability to pinpoint the few driver sources contributing to the major traffic flow allows us to create a strategy that achieves a significant reduction of the travel time across the entire road system, compared to a benchmark approach.
Traffic Flow in Human Mobility
One of the main purpose of studying human mobility in this concept is to investigate the population flow between different places [51] -Less expensive than [43] previous methods Table 1 : Comparative summary of different data collection techniques with the aim of understanding and developing an optimal road network with efficient movement of traffic and minimal traffic congestion problems. In this part, main characteristics of traffic flows at the microscopic and macroscopic level are described . In a microscopic approach to traffic, each individual is examined separately. while at the macroscopic level we do not look at the individual as separate entities. The macroscopic level is more relevant to the dynamic description of traffic. Some macroscopic variables that translate the discrete nature of traffic into continuous variables are reviewed below:
Density (k) -Density is a typical variable from physics that was adopted by traffic science. Density k reflects the number of vehicles per kilometer of road. For a measurement interval at a certain point in time, such as S 1 , k can be calculated over a road section with ∆X length as:
The index n indicates the number of vehicles at t 1 on the location interval ∆X. Total space of the n vehicles can be set equal to ∆X, thus:
Flow rate (q) -The flow rate q can be compared to the discharge or the flux of a stream. The flow rate represents the number of vehicles that passes a certain cross-section per time unit. For a time interval ∆T at any location x 2 , such as the measurement interval S 2 the flow rate is calculated as follows:
The index m represents the number of vehicles that passes location x 2 during ∆T . This time interval is the sum of the m headways. Through the introduction of a mean headway h we find the following expression for the traffic flow rate:
Mean Speed -Mean speed u is defined as the quotient of the flow rate and the density. The mean speed is also a function of location, time and measurement interval. Note that the area of the measurement interval no longer appears in definition below:
u(x, t, S) = q(x, t, S) k(x, t, S)
In another word, it is the fraction of Total distance coveredby vehicle s in S to the Total time spent by vehicle s in S
The definition of the mean speed is also called the fundamental relation of traffic flow theory:
This relation irrevocably links flow rate, density and mean speed. Knowing two of these variables immediately leads to the remaining third variable. This equation incorporates the interdependence of traffic flow, traffic density and speed. When two of the three variables are known, the third variable can easily be obtained. If traffic count data are available, traffic flows can be assumed as given, which leaves us to calculate either traffic density or speed to complete the formula and use either as input for the appropriate queuing model. The macroscopic traffic variables can be calculated for every location, at any point in time and for every measurement interval. In practice we mostly use traffic detectors that measure the macroscopic variables u and q across a certain time interval. The discrete nature of traffic requires time intervals of at least half a minute if we want to achieve meaningful information. When the time intervals exceed a duration of five minutes, some dynamic characteristics are lost. Traffic flow in microscopic scale, can be investigated by queuing theory. Queuing and Traffic Flow is the study of traffic flow behaviors surrounding queuing events. Beside these notation of traffic flow, Centrality measure plays an important role in these studies. Centrality of a node determines the relative importance of a node within the graph. Different types of centrality measures have introduced in recent studies which we mention three classic centrality measures below. Having graph G = (V, E) with V a set of nodes of a graph and E the set of edges in G and a ij = a ji showing the link between node i and node j, 1) Degree centrality-Degree centrality is defined as the number of links incident upon a node. The idea is that a node with more edges is more important :
2)Closeness centrality-measures the importance of a node by its geodesic distance to other nodes.
The idea is the closer a node is to other nodes, the important the node is. Closeness can be regarded as a measure of how long it will take information to spread from a given vertex to others in the network . Closeness centrality focuses on the extensivity of influence over the entire network.
Where d(N i , N j ) is a geodesic distance between N i , and N J .
3)Betweenness centrality-measures the importance of a node by its proportion of paths between other nodes. The idea is that a node that plays the roles of connecting more other nodes is more important. It explains how a node can control the other nodes which have no direct connectivity between them.
Where g jk is the number of geodesic paths between two nodes N j and N k , and g jk (N i) is the number of geodesic between the N j and N k that contain node N i .
The relation between congestion and centrality in traffic flow was studied by Petter Holme in [33] . His work investigates the relation between centrality assessed from the static network structure measured in simulations of some simple traffic flow models. He studied how the speed of the traffic flow is affected by the network structure (by tuning model parameters) and found that the relationship between the betweenness centrality and congestion in simple particle hopping models for traffic flow. Altshuler et al. in [42] have studied the relationship between centrality of a node and its expected traffic flow in transportation networks. In their experiment using the dataset that covers the Israeli transportation network, they show the correlation between the traffic flow of nodes and their Betweenness centrality and they also show that when some additional known properties of the links (specifically, time to travel through links) are taken into account, this correlation can be significantly increased which could be used to generate highly Authors in [35] have tried to produce accurate models of how large populations move within different metropolitan areas with the goal of generating sequences of locations and associated times that capture how individuals move between important places in their lives, such as home and work. They have tried to find a model for mobility data in metropolitan areas in order to help address important societal issues such as the environmental impact of home-to-work commutes. They also tried to take into account how different metropolitan areas exhibit distinct mobility patterns due to differences in geographic distributions of homes and jobs, transportation infrastructures, and other factors. Network centrality of metro systems in different countries have been studied applying the notion of betweenness centrality to 28 worldwide metro systems [10] . The share of betweenness was found to decrease in a power law with size (with exponent 1 for the average node), but the share of most central nodes decreases much slower than least central nodes. The betweenness of individual stations as a node can be useful to locate stations where passengers can be redistributed to relieve pressure from overcrowded stations. Edge Centrality is another important metric in studying flow through the network [8] . There is also a group of studies which aim to use Expectation Maximization algorithm for estimating historical link travel time distributions across an arterial road network [50] [51]. Sun et al. [65] in a novel approach proposed to explore the space-time structure of urban dynamics, based on the original data collected by cellular networks in a southern city of China, recording population distribution by dividing the city into thousands of pixels. By applying principal component analysis, the intrinsic dimensionality is revealed. The structure of all the pixel population variations could be well captured by a small set of eigen pixel population variations. According to the classification of eigen pixel population variations, each pixel population variation can be decomposed into three constitutions: deterministic trends, short-lived spikes, and noise. Moreover, the most significant eigen pixel population variations are utilized in the applications of forecasting and anomaly detection.
In these parts we presented different studies and findings about Human Mobility. According to reviewed findings, we distinguish three different baselines in Human Mobility studies. The first categories belongs to trajectory-base studies, which is mainly on analyzing trajectories of individuals. In these set of approaches, statistical measures such as jump length and radius of gyration are analyzed in order to find patterns and models for individuals movement. The second category is studying dynamic proximity networks of people in mobile ad hoc networks. In such a network , finding a route between two disconnected devices implies uncovering habits in human movements and patterns in their connectivity (frequencies of meetings, average duration of a contact, etc.), and exploiting them to predict future encounters [52] . The third category of Human Mobility studies related to investigating flow on networks such as road network, transportation network, infrastructure networks and etc. Figure 1 illustrates three different baselines that we have distinguished for Human Mobility studies.
Tools and Applications
In mobility studies, if we want to analyze the real time data, computation and data storage will be a concern. One of the main concerns is about data storage issues: how to store trajectory data in order to optimize different operations on the mobility data. Giannotti et al. in [11] have presented a mobility data mining tool, a query language centered onto the concept of trajectory. Their Query language, has been designed to store, create and present trajectory data, patterns and models. Graph Database is another approach to store networked data and perform efficient computation on such type of data set.
As an example of using graph database in Human Mobility studies, we can mention Daytsher et al [21] who have tried to extract the life pattern edges synopsize the location history of people, and accordingly, connect individuals to places they frequently visit, based on Graph Data base using Neo4j as the underline databasemanagement system. In order to have a near real time system which is able to predict the future flow/situation based on the historical data of trajectories, one solution is to use distributed algorithm which uses a streaming of real data to perform the calculation and make prediction. Hunter et al. [51] , have presented an experience scaling up the Mobile Millennium traffic information algorithm in the cloud. Their study affirmed the value of in-memory computation for iterative algorithms, but also highlighted three challenges that have been less studied in the systems literature: efficient memory utilization, broadcast of large parameter vectors, and integration with of-cloud storage systems. These factors were found crucial for performance. Regarding traffic engineering,there is a set of tools which use mobility data to model traffics and mainly used in urban planning and traffic engineering. They try to simulate traffic models based on vehicles movement. SUMO (Simulation of Urban MObility) [5] , MobisSim [63] , VanetMobiSim , CANU Mobility Simulation Environment and ns (network simulator) are some examples of such tools.
Discussion
In this part we try to point some current challenges in human mobility studies and the approaches that can be taken to solve the problems in each case, are discussed.
Data pre-processing is step zero in almost any mobility studies. This step extremely depends on the data type and the purpose of the analysis. Active data localization [43] provides us with the frequent record of the mobile users and higher quality of raw data that are more powerful to be used in human mobility modeling/analysis [43] , but the granularity problem of the data (since the locations are recorded only at the granularity of the cellular antenna) still remains. The previous studies that have been using the human mobility trajectories in traffic studies, have been used GPS data [51] [11] [62] [41] which is much more accurate and suitable to be used for map matching. The data collection techniques also could help to identify special type of users (like GPS data of drivers), while in active localization method there is no information about transportation mode of the user which have to be extracted from data. All these reasons, encounter us with a new version of mobility data [43] propose a map-matching algorithm to identify different modes of transportation. The algorithm matches mobile phone location data and vector data (e.g. railways, roads, airports) using the two main steps described below. (1) The local approach,which entails matching the recorded mobile phone locations to the correct vector data based on two criteria: Euclidean distance and speed between two consecutive recorded locations. ( 2) The global approach: this step consists in identifying the route traveled and the mode of transportation. The assumption with the highest number of points is chosen. Due to the fact that there is no uncertainty at this level, a confidence measure is defined in this approach.
One possible approach would be using pattern matching algorithm to project the trajectory data points to the network which has the minimum error rate. The authors in [51] have been using Expectation Maximization algorithm to do this projection. Thiagarajan et al. in [17] have used the additional data of accelerometers (to detect movement) and magnetic compasses (to detect turns) with active cellular network data and using a two-pass Hidden Markov Model [16] they have achieved a good accuracy of map-matching result. considering that they have collected the data of car drivers, the question of accuracy of this method applied on a large actively collected cellular network data still remains. The combination of this method and two level matching algorithm presented by Smoreda [43] could help us to achieve a suitable result for map-matching problem. The other approach is to use a combination of different networks: the idea of Multiplex network presents a multiplex network [39] that each network has to be considered as being a part of a larger system in which a set of interdependent networks with different structure and function coexist, interact and coevolve. The structural properties of each of these networks and their evolution can depend in a non-trivial way on that of other graphs to which they are interconnected. A current challenge in Human Mobility studies is mapping individual trajectories to a multiplex network of on-ground and underground transportation networks. An orientation of this research could be studying human mobility using multi-layer transportation network and also in-vestigating the interdependency between different layers in transportation networks. Investigating degree and coefficient relationships for different layers of layered network is an instance that Wou et al. in [37] have discussed. Other related networks to the transportation network, could be added and investigated in multiplex networks (e.g. infrastructural networks, social networks).
Mobility Distribution Barabasi et al in [61] showed that jump length of human mobility follows power law, Blondel's study [18] in Portugal showed , travel distances exhibit a lognormal distribution for d < 150 km. Yan et al. in [41] studied specifically travel distance of different cluster of individuals and they observed that for the aggregated population, the jump length distribution follows a power law with an exponential cutoff. While they didn't find such property analyzing different user clusters (students, employees, retirees). Yan et al. [41] also suggest that the form (power law, exponential) of deterrence function in the gravity law of human travel, may be sensitive to the mode of transportation under consideration. Montjoye et al. also in [9] mention the parameter that should be consider in generalizing the result of studies on mobility data to larger population. It can be investigated if different categories of mobility, follow the same statistics rules or they could be distinguished with different distributions. We also aim to study and validate the existing findings and models on our new interesting data set.
Behavioral dimension in Human Mobility Csaji et al. in [18] extracted a variety of spatial features of human mobility from their trajectory data and used these features to cluster different types of mobility behavior. Zignani et al in [28] have tried to develop a model to infer the probability distributions of all the features of human behavior by analyzing human mobility traces.
Marcel Hunecke in figure 2 [49] , have defined two different set of factors of influence on individual mobility behavior: Personal factors and External factors. Among these factors, two types of personal factors are mentioned as relevant factors for individual mobility: socio-demographic characteristics and attitudinal factors. Sociodemographic aspects include factors, which determine individual options and needs for mobility activities. Attitudinal factors include values, norms and attitudes (e.g. symbolical estimations of transport modes), which affect preferences and habits for specific activities, destinations, routes and means of transport [49] . An orientation of the research could be trying to define and extract behavioral feature of individuals from individual mobility traces (such as popular places, the media and content they have accessed via internet, working pattern and etc.) If we could demonstrate behavioral features extracted from mobility data can be used to categorize Mobility behaviors , it opens an additional door in studying human mobility aspects: we could claim that another additional "Behavioral" dimension: can be added to dimensions of Human Mobility presented by Karamshuk [52] . Obviously in these types of study, privacy of mobile users is an important concern [46] , and should be clearly specified. Feature extraction from mobility data, is a challenging issue which requires wide range of data analysis. Various data types discussed in section 2.1 is another reason of this challenges. For instance, transportation mode of the user is an important feature which helps with later studies on user behavior studies. Many data sets used in Human Mobility studies, have collected by a distinct group of users. Cellular network data which collects data of a huge anonymous group of users, brings us the hidden valuable features and provide us mobility data with weak accuracy in spatial positioning. Extracting transportation mode from this data is an important challenge which we aim to investigate which is in data preprocessing part.
Graph data base for Human Mobility As mentioned before, storage system of trajectory data and applying analysis on it, is a concern in Human Mobility studies. Graph Database was introduced mainly to represent and work with networked data where there are some relationships defined for links of the network. It has been shown that some computation and evaluation which are graph related measures (such as shortest path or pattern finding models) are faster and more practical than result of relational database. This approach can be implemented on trajectory data and the efficiency of this ap- Figure 2 : factors of influence on individual mobility behavior, source: [49] proach could be evaluated for comparing with other algorithms.
Perspectives and Conclusion
In this survey we presented a classified summary of Human Mobility studies based on the context of the study. We mainly distinguished three different baselines in Human Mobility studies . It was discussed that new type of mobility data bring more opportunities for mobility studies while they also have some challenges regarding the granularity of data which affects the evaluation when we are working on human mobility in city scale. These issues bring the new preprocessing issues to the context of Human Mobility as well as novel approaches in data analysis and feature extractions. Later on, we aim to proceed in applying new type of data (active localization cellular network data) on mobility studies. Detecting transportation mode is a new feature that is concerned in these new type of collected data. We try to apply presented model and derive a new combined algorithm to derive a new solution for this issue. The behavioral aspect of Human Mobility was proposed as a new dimension of Human Mobility and we could extend the presented models with the new dimension if we can illustrate the correlation between behavioral aspects and mobility patterns of individuals.
